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ABSTRACT
We presenta “black-box” approachto estimatingquerycardinal-
ity that hasno knowledgeof queryexecutionplansanddatadis-
tribution, yet providesaccurateestimates.It doesso by grouping
queriesinto syntacticfamiliesandlearningthecardinalitydistribu-
tion of thatgroupdirectly from pointsin a high-dimensionalinput
spaceconstructedfrom the query's attributes,operators,function
arguments,aggregates,andconstants.We envision an increasing
needfor suchan approachin applicationsin which query cardi-
nality is requiredfor resourceoptimizationand decision-making
at locationsthat are remotefrom the datasources. Our primary
casestudyis theOpenSkyQueryfederationof Astronomyarchives,
which usesa schedulingandcachingmechanismat the mediator
for executionof federatedqueriesat remotesources.Experiments
usingreal workloadsshow that the black-boxapproachproduces
accurateestimatesandis frugal in its useof spaceandin compu-
tation resources.Also, the black-boxapproachprovidesdramatic
improvementsin theperformanceof cachingin OpenSkyQuery.

Categoriesand SubjectDescriptors
H.2.4[DatabaseManagement]: Systems—distributeddatabases,
queryprocessing; H.2.8 [DatabaseManagement]: DatabaseAp-
plications—scienti�c databases

GeneralTerms
Design,Performance

1. INTRODUCTION
Databaseoptimizersemploy a bottom-upapproachto query op-
timization. They requirecardinalityestimates1 in order to obtain
cost estimatesfor various query executionplans. Becauseexe-
cution plansarehierarchical,optimizersemploy a constructive or
bottom-upapproachto obtaincardinalityestimatesat every level
of the plan. In the bottom-upapproach,the optimizercomputes

1Thetermcardinalityof a queryrefersto thenumberof rows in thequery
resultwhereasselectivity refersto theprobabilityof a row beingselected.
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cardinalityestimatesof individual predicatesandpropagatesthese
estimatesprogressively up thequeryplan,constructingcardinality
estimatesof operators,sub-queries,and�nally theentirequery.

Recently, severalapplicationshaveemergedthatinteractwith data-
basesover the network and bene�t from a priori knowledge of
querycardinalities.Theseapplications,which arethefocusof this
paper, do not needrequirequeryexecutionplansor estimatesat
every internal level. Examplesinclude grid systems[26], proxy
caching[3], replica maintenance[22, 23], and query schedulers
in federatedsystems[2]. (Section2.1 hasmore details). Accu-
rateestimatesof querycardinalityimprovesperformancethrough
improved queryef�ciency, increaseddataavailability, or reduced
network traf�c. Additionally, theseapplicationsareseverely con-
strainedin the amountof resourcesthey canexpendon queryes-
timation. Resourceconstraintsincludestoragespace,processing
time,andeventhenumberof network interactionswith theremote
datasources.

Thebottom-upapproachof queryoptimizersfor cardinalityestima-
tion isoverkill for networked-databaseapplicationsandboundtobe
prohibitively expensive. In addition,accuracy in queryoptimizers
suffers from several modelingassumptionsusedin thebottom-up
approach,suchasconditionalindependence,up-to-datestatistics,
anduniform distribution of valuesin joins. Recentresearchinitia-
tives[7,30] relaxtheseassumptionsin queryoptimizersby includ-
ing a self-tuning,self-correctingloop thatre�nes estimatesat each
level usingfeedbackfrom actualqueryandsub-querycardinalities.
However, theseapproachesareeitherlimited to rangequeries,be-
causethey arebasedon histograms,or requireanintimateinterac-
tion with thedatabase,which is unavailableto networkeddatabase
applications.

We demonstratethat a simple “black-box” approachavoids the
extra overheadof estimatingcardinality for every sub-queryand
also avoids the drawbacksof the modelingassumptionsusedin
thebottom-upapproach.This black-boxapproachgroupsqueries
into syntacticfamilies,calledtemplates, andusesmachine-learning
techniquesto learn the distribution of query result sizesfor each
family. Cardinalitydistributionsarelearneddirectly from pointsin
a high-dimensionalinput spaceconstructedfrom queryattributes,
constants,operators,aggregates,and argumentsto user-de�ned
functions.Thus,they arenot subjectto the inaccuraciesthatarise
from modelingassumptionsusedin assemblinganoutputestimate
from sub-queries.We estimatequery cardinalitiesbasedon the
learneddistributionandre�ne thedistributionwhentheactualcar-
dinality becomesavailable.Thisongoinglearningprocesscreatesa
natural,self-correctingloop. This is ablack-boxapproachin thatit



estimatesthecardinalityof entirequeriesbasedonly on theinputs
andoutputsof queryprocessing.

Our treatmentincludesa comparative evaluationof several tech-
niquesthat learncardinalitydistributionsin the high-dimensional
input space. These include model trees, locally-weightedre-
gression,and classi�cation and regression. We previously re-
portedon the useandef�cacy of classi�cationandregressionfor
caching[17]. Our resultsshow thatdifferenttechniquespresenta
time/spaceversusaccuracy tradeoff.

A wide variety of distributed applicationsdo not require �ne-
grained,sub-planestimatesand bene�t from the increasedaccu-
racy andlow spaceoverheadof theblack-boxapproach.We have
developedthesegeneraltechniquesanddeployedthemin onesuch
distributedapplication– TheOpenSkyQueryfederationof Astron-
omy databases[28].

TheOpenSkyQueryfederationpresentsa designspacefor which
the black-boxapproachis uniquely suited. OpenSkyQuery is a
wrapper-mediator[27] systemthatallows scientiststo cross-query
heterogeneous,globally-distributedAstronomydatabases.Theme-
diator includesa scheduleranda proxy cachethatcachesportions
of thefederateddata.Onreceiving across-query, themediatorpar-
titions thequeryinto components,onefor eachremotedatabase.It
thenusescardinalityestimatesof thecomponentqueriesto sched-
ule themacrossremotesites[19] andto make cacherevocationde-
cisionswithin aneconomiccachingframework [18]. In bothcases,
cardinalityestimatesfor the entirecomponentqueryto a member
databasesuf�ce. (At thememberdatabase,thelocaloptimizercon-
structsaqueryexecutionplanusingits own privatedatastructures.)

The federatedarchitecturemandatesdata-independentestimation;
the systemmust operatewithout accessto the underlying data,
makingestimatesbasedon the observed workload – queriesand
their results– alone.Methodsthat rely on samplingor generating
statistics,e.g. data-dependenthistograms,arenot tenable,because
they requiresamplesfrom Terabyte-sizeddatabasesin the federa-
tion. Scanningthe databaseto build andmaintainsuchstatistics
hasbeenshown to beextremelycostly[1].

The complex natureof Astronomyqueriesaddsto the challenge
of usingonly queryworkloadsfor cardinalityestimation.Astron-
omyqueriescontainreal-valuesattributes,multi-dimensionalrange
clauses,anduser-de�ned functionsin selectandjoin clauses.Fur-
thermore,attributesarehighly correlatedwith eachother (invali-
datingconditionalindependenceassumptions).Known techniques
estimatecardinalityfor queriesthatpossesssomeof thesecharac-
teristics,but notall.

Theblack-boxapproachdiffersfundamentallyfrom bottom-upes-
timation. It correspondsto thedeclarativequeryspeci�cationjust
as the constructive approachcorrespondsto the imperative query
execution plan. Thus, the black-box approachis not naturally
suitedfor usewithin a databaseoptimizer; it neitherestimatesthe
cardinality of sub-queriesnor identi�es opportunitiesfor parallel
executionandtheorderingof operatorswithin a query.

An experimentalevaluation of black-box cardinality estimation
shows the suitability of the techniquefor distributedapplications.
We evaluateit usingmultiple learningalgorithmsagainstanOpen
SkyQueryworkloadsof 1.4 million queries.Resultsindicatethat
black-boxestimatesrequiredatastructuresof tensor hundredsof

kilobytes,produceestimatesquickly, andthattheaccuracy of these
estimatesgreatly improves the performanceof cachingin Open
SkyQuery.

2. RELATED WORK
To motivate the black-boxapproach,we presenta seriesof net-
worked applicationsthat require accuratecardinality estimates
from remotedata sources. Then, we review prior researchon
data-independentcardinality estimation,examining its suitability
to suchapplications.

2.1 Applications
Recently, severalcachingandgrid-basedapplicationshaveemerged
that requirecardinalityestimatesof queries.Often, theseassume
the presenceof knowledgesystemsto provide estimates.In ap-
proximatedatacaching[22], sourcescacheexactvaluesandcaches
storeapproximatevaluesneartheclient. In presenceof updatesat
the server, approximationsof cachedvaluesbecomeinvalid. On
invalidation,new approximations(basedonthedegreeof precision
desired)areeitherpropagatedby sourcesto thecachesor alterna-
tively demandedby queries. The goal is to minimize the overall
network traf�c by loweringthecostof pushby theserver andcost
of pull by thequeries.For non-aggregatequeries,theexactcompu-
tationof thepull costof a queryrequirestheknowledgeof selec-
tivity of aquery. This is alsotruein otherpush-pullmodelsof data
dissemination[5].

In adaptive cachingenvironments,cachestateis adjusteddynam-
ically asworkloadchanges.Cachereplacementalgorithmsoften
computethe bene�t of cachinga dataobject in which the bene�t
is basedon variousstatistics,oneof thembeingthe sizeof query
resultagainstthatobject. SystemssuchasDBProxy andBypass-
Yield Caching[18] assumethat query result sizesare known a-
priori. Theef�cacy of thesetechniquesdependson thecorrectness
of this assumption.

In GridDB [16], a data-centricview of thegrid hasbeenproposed
in contrastto a processcentric view of Condor[15] andGlobus
[10]. Dueto thelong natureof scienti�c queries,Interactive query
processing(IQP) is consideredanessentialfeatureof GridDB [16].
In IQP, usersoftenwant to know just thesizeandcostof running
expensive jobs and basefurther jobs on theseanswers. This re-
quiresaccuratecardinalityestimates.

In our experiencewith theSloanDigital Sky Survey, we have wit-
nessedseveral load balancingandschedulingapplications[11] in
which suchknowledgeis required.In this paper, we have consid-
eredonesuchscienti�c application,theOpenSkyQueryfederation
of Astronomydatabases,whichneedscardinalityestimatesto make
schedulingdecisionsaswell asto populateits proxycache.For the
cachingsystem,werecentlyreporteda50%degradationin absence
of accurateestimates[17].

2.2 Data­IndependentCardinality Estimation
Wereview theprominentdata-independentmethodsfor cardinality
estimationandlearningin optimizersandconsidertheirapplicabil-
ity to theabove applications.Thesemethodsarederivedfrom the
conceptof self-tuningin whichqueriesareestimatedusinglearned
distributionsandtheactualresultsizesof queriesprovide feedback
to re�ne thesedistributions.Currentwork on self-tuningis limited



in thateither: (1) it restrictstheclassesof queriesthatmaybees-
timated;or, (2) techniquesarecloselytied to theoptimizer. To the
bestof ourknowledge,oursis the�rst techniqueto supportgeneral
queriesin adata-independentfashion.

Mostself-tuningresearchhasbeenconductedin thecontext of his-
tograms,which limits thetechniquesto rangequeries.Histograms
cannotbeusedfor pointqueriesanduser-de�ned functions.

Aboulnagaand Chaudhuri[1] use the query feedbackapproach
to build self-tuninghistograms.The attribute rangesin predicate
clausesof a queryand the correspondingresultsizesareusedto
selectbucketsandre�ne frequency of histogramsinitialized using
uniformity assumption.Both singleandmulti-dimensional(m-d)
histogramsareconstructedby this method.Higheraccuracy on m-
d histogramsis obtainedby initializing themfrom accuratesingle
dimensionalhistograms.

STHoles[8] presentsthe techniquemost similar in spirit to our
black-box approach. STHolesre�nes the layout and frequency
of existing histogrambucketsby allowing nestingof buckets. As
queriesto a region increase,new bucketsareinitialized within ex-
istingbucketsto improvetheaccuracy. Thealgorithmsuseveryde-
tailedqueryfeedbackfrom thequeryexecutionengine,examining
the distribution of datawithin queryresults.STHolesworks well
in re�ning existinghistogramsandalsoin building histogramsin a
data-independentfashion,basedonqueriesandtheir resultsalone.

ISOMER[29] constructshistogramsthatarecorrectandconsistent
with queryfeedback.It utilizes themaximumentropy principle to
selectadistributionthathasthemaximuminformationamongaset
of distributionseachof thatis consistentwith thequeryfeedback.

CXHist [14] buildsworkload-awarehistogramsfor selectivity esti-
mationonabroadclassof XML stringbasedqueries.XML queries
are summarizedinto featuredistributions and their selectivity is
quantizedinto buckets. Finally, it employs a naive-Bayesclassi-
�ers to computethebucket to which a querybelongs.Thenaive-
Bayesapproachassumesconditionalindependenceamongthefea-
tureswithin a bucket.

User-de�ned functionspresenta differentchallenge,becausethe
function obfuscatesthe relationshipbetweenthe underlyingdata
distribution andthe queryresultsize. UDFsdemandan approach
thatlearnstheoutputresultsizedistributiondirectly. He et al. [13]
de�ne a self-tuningframework for de�ning thecostmodelof user-
de�ned functions (UDF). To estimatethe cost of a query, they
examinethe cost of the k-nearestneighborsto that query in the
multi-dimensionalspacede�ned by the function arguments.The
estimatedcost is computedas a weightedaverageof the cost of
theseneighbors.They do not speci�cally estimateresultsizes(it
is left asfuture work), but their techniqueis suitable. Our black-
box approachextendsthesetechniques,learningin a richer space
that includesattributes,constants,aggregates,andoperators.We
also take a differentapproachto learning,usingeitherregression
treesor classi�cation and regression,that constructsa model on
compact,summarydatastructures.

DB2's learningoptimizer (LEO) [30] provides the most widely-
applicablelearning technique,which includes learning for join
predicates,keyscreatedby theDISTINCT andGROUPBY clause,
derivedtables,user-de�nedfunctions,etc.However, thecardinality
estimatescreatedby LEO areobtainedby correctingmodelinger-
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Figure1: Abstract Ar chitectureof OpenSkyQuery

rorsatevery level of thequeryexecutionplan.Thus,LEO is tightly
coupledto a DB optimizer. The correctionsprovided by LEO do
not adaptto or learndatadistributionsor resultsizedistributions
thatvarywith inputparameters.

3. CASE STUDY: OPEN SKYQUERY
In this section,we describetheOpenSkyQueryfederationof As-
tronomyarchives. In particular, we motivatetheneedfor accurate
cardinalityestimatesandde�ne theresourceconstraintsplacedon
theestimator.

Figure1 showstheabstractarchitectureof theOpenSkyQueryfed-
eration.OpenSkyQueryusesawrapper-mediatorarchitecture[27].
Userssubmit federatedqueries(that accessmultiple databases),
whichthemediatordividesinto componentsub-queriesthatareex-
ecutedat their respective sites.Themediatorincludesa scheduler,
which decidesthe order in which variousmembersitesareto be
visitedfor sub-queryexecution.Thisorderis decidedsoasto min-
imize network traf�c andqueryresponsetime. Becausescienti�c
queriesarelong-runninganddata-intensive, the primary measure
in theschedulingdecisionis thecardinalityof eachsub-query. In
earlierversionsof the system,the schedulerpolled eachdatabase
for theactualcardinalityof its componentquery. This is a bottle-
neckasit increasesaveragequeryresponsetime.

The mediatorincludesan adaptive cachethat replicatesobjects,
such as columns (attributes), tables, or views, from member
databasesso that sub-queriesto the memberdatabasemay be
served locally by the mediator. This reducesthe network band-
width usageof data-intensive queries. The cacheusesthe cardi-
nality of eachsub-queryto decidewhento loadandevict database
objects.More speci�cally, cardinalityspeci�esthenetwork costof
thecurrentqueryin a rent-to-buy economicframework [18].

Theschedulerneedscardinalityestimatesfor eachsub-query. The
cachemay also needestimatesfor a combinationof sub-queries
whendistributedjoinsarespeci�edin thequery. In eithercase,the
mediatorhasto estimatequerycardinalitiesusinga smallamount
of space.Eachmediatorin thesystemmustgenerateestimatesfor
all thefederation's memberdatabases,usingonly local storage.

In addition, estimationmodelsare to be learnedwith minimum



 (((G.flags_r & 0x10000) = 0) or (G.flags_r & 0x1000) = 0) 

join fGetNearbyObjEq(185,�0.5, 1) as D
on P.objid = D.objid
where (P.r between 8.0 and 11.0) 
order by distance

select [select�list]
from Star where
ra between 119.72417 and 122.72417 and
dec between 67.64444 and 70.64444 and
r between 12.0 and 17.0 and
((g�r) >= 0.37) and ((g�r) <= 0.54) and
((r�i) >= 0.07) and ((r�i) <= 0.15)

 select [select�list] 
 from Galalxy as G

 where 
 ((G.flags_r & 0x10000000) != 0) and

select [select�list]

 (((G.flags_r & 0x40000) = 0) or (G.psfmagerr_r <= 0.2)) and

 on G.objid = N.objid
 join fGetNearbyObjEq(334.36013, 0.266444, 17) as N 

 ((G.flags_r & 0x8100000c00a4) = 0) and

from PhotoPrimary as P

Figure 2: Complex user queries on member databasesin the
OpenSkyQuery federation

accessto data. In general,the mediatoris far from the member
databases.Thiscreatesanaccessbarrierbetweenthemediatorand
theservers.Managementboundariescreateprivacy concernsmak-
ing it dif�cult to accessthe databasesto collect statisticson data.
Thedatais mostlyaccessedvia the restrictedWeb-serviceswrap-
per interface(Figure1). Even if the mediatorcanstoresummary
statistics,themembersitesmaychoosenot to investtheir resources
in the I/O-intensive processof collecting statisticson all of the
data[9].

Thecontinuousstreamof userqueriesandtheir resultsat theme-
diatorprovide indirectaccessto queriesanddataandcanbeused
for learningoutputcardinalitymodels. Queriesin the OpenSky-
Query federationare complex, which makes learningof estima-
tion modelsa non-trivial task. A typical query is a conjunction
of multiple rangeanduser-de�ned function clausesin the predi-
cateexpression,aswell asuser-de�ned functionsin thejoin clause.
We considerthreereal queriestaken from a memberdatabaseof
theOpenSkyQueryfederation.Thesequeriesexemplify thecom-
plexity of learningan estimationmodel from queries(Figure 2).
(The selectlist is suppressedasit doesnot in�uence cardinality.)
The�rst queryshows thecombineduseof rangeclausesanduser-
de�ned functions,thelatteroccurringin boththejoin andthepred-
icateclause. The user-de�ned function fgetNearByObjEqreturns
a temporarytableof nearbyobjects. Its argumentsvary depend-
ing uponwhethera circular, a rectangular, or a polygonalregion
is selected.Thesecondqueryis a � ve-dimensionalrangequeryin
which the �rst threerangeclausesareon databaseattributesand
the last two areon temporaryattributescreatedfrom subtracting
valuesfrom two databaseattributes. The third query is function
join with bit operatorsin the predicateclause. Histograms,such
asSTGrid [1] andSTHoles[8], ef�ciently learnestimationmod-
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Figure3: Learning in templates

els whenqueryworkloadsconsistpredominantlyof rangeclauses
on databaseattributes. Becausethey build multi-dimensionalhis-
tograms,they can alsoestimaterangeclauseswith mathematical
operatorson a combinationof attributes(suchasg - r > = 0.37in
thesecondquery),but cannotupdatethehistogrambucket bound-
ariesfrom thiscombinedinformation.Estimationmodelsbasedon
nearestneighbormethodshave beenshown to be more effective
for userde�ned functions[13]. However, OpenSkyQuerywork-
loadsconsistof a combinationof range(simpleor complex) and
user-de�ned functionclauses.

Weconcludethatthefederationneedsalight-weight,data-independ-
ent,andgeneralestimationmechanism,which accuratelypredicts
querycardinality.

4. THE BLACK­BOX APPROACH
Cardinality estimationtreatsquery evaluation, and optimization
asa black box, examining the input queryand the cardinalityof
its resultsalone. Datadistributionsareunknown, owing to data-
independencerequirements,andcardinalityestimatesateverysub-
querylevel arenot requiredby ourapplications.Theapproach�rst
groupsqueriesinto syntacticfamilies. It then learnscardinality
distributions directly as a function of query parameters,suchas
attributes,operators,constants,aggregates,anduser-de�ned func-
tionsandtheirarguments.Weapplyseveralmachinelearningtech-
niques,including classi�cation and regression,model trees,and
locally-weightedregression.Theseresult in conciseandaccurate
modelsof the cardinalitydistribution. Whena queryarrives,car-
dinality is estimatedusingthemodel.Whenthequeryis executed,
thequeryparametersandits resulttogetherupdatethemodel.This
resultsin feedback-basedlearning.

Theblack-boxapproachworksbestwhenworkloadsatis�escertain
criteria.Wediscussthemostimportantcriteriathatenablelearning
from workload,improve accuracy, andlimit spaceoverheadin the
black-boxapproach.An exampleat the endof the sectionillus-
tratesthelearningprocessfor complex queries.

4.1 Estimating Query Cardinality
Grouping Queries: The black-box systemgroupsqueriesinto
templates. A template� overSPJ(Select-Project-Join)queriesand
user-de�ned functions(UDFs) is de�ned by: (a) thesetof objects
in the from clauseof the query (objectsimply tables,views, or
tabular UDFs)and(b) thesetof attributesandUDFsoccurringin
thepredicateexpressionsof thewhere clause.Intuitively, a tem-
plate is like a function prototype. Queriesbelongingto the same
templatediffer only in theirparameters.For agiventemplate� , the
inputparameters(Figure3(a))are:(a)constantsin thepredicateex-
pressions,(b)operatorsusedin thejoin criteriaor thepredicates,(c)
argumentsin tablevaluedUDFsor functionsin predicateclauses,



and(d) bitswhichspecifyif thequeryusesanaggregatefunctionin
theselectclause.A template's parametersdonot includeattributes
in the selectclause;the parametersof a templateare only those
featuresin a querythatin�uence/determineits cardinality.

Collecting Query Parameters: Theparametersof aquerythatin-
�uence its cardinalityform avector. Figure3(b)showsvectorswith
parametersandcardinalitiesfrom afew queries.For atemplate,the
parameterspacerefersto all thepossiblecombinationsof parame-
ters,eachchosenfrom their respective domain.A querybelonging
to a templaterefersto oneof thesecombinationsandhasa corre-
spondingyield in therangeR = (0; max (t i )) in which max (t i )
is themaximumyield of a queryin a given template,i.e.,thesize
of arelationfor aqueryto asinglerelationandthesizeof thecross
productfor a join query.

Oncethe templateis created,only the templateparametervalues
and the correspondingcardinalitiesare retained. The parameter
valuesrepresenta point in theinput spaceassociatedwith thecar-
dinality observed at thatpoint; i.e., thecardinalityis a functionof
themulti-dimensionalpoint in theparameterspacerepresentedby
the parametervalues. The systemhasno knowledgeof the exact
role of the parametersin queryexecution. In a template,the pa-
rametervaluesrepresenta cardinalitydistribution that the system
usesto estimatethecardinalityof futurequeriesto thesametem-
plate. Precisely, theactualcardinalitydistribution of a template�
over n queriesis thesetof pairs

� D = (p1 ; y1); (p2 ; y2); : : :; (pn ; yn ) (1)

in which pi is theparametervectorof queryqi , andyi is its cardi-
nality. Becauseof thehigh dimensionalityof theparameterspace,
the systememploys machinelearningtechniquesto approximate
thecardinalitydistribution.

Approximating the distrib ution: Most attributesin the Open
SkyQuerydatabasesarenumericandrecordvariousphysicalprop-
ertiesof theastronomicalbodies.Thus,queryparametersarealso
numeric,making regressionthe natural techniquefor cardinality
estimation. Regressionmodelscardinality as a function of the
valuesof a multi-dimensionalparametervector [6]. The simplest
form of regressionis linearregression[20] in which thecardinality
yi is modeledasa linear function of the multidimensionalvector
pi = pi; 1 ; : : : ; pi;n as

yi = wo + w1pi; 1 + : : : + wn pi;n (2)

in which the coef�cients wo ; w1 ; : : : ; wn areestimatedusing the
leastsquarescriterion. However, a naive applicationof regression
introducesahigh learningbias,becausea linearmodelcannotcap-
turethenon-linearityof theparameterdistribution. Weapplythree
learningtechniques,namelyclassi�cation and regression,model
trees,andlocally-weightedregression.All of thesetechniquespar-
tition the input spaceand useregressionwithin the partitionsin
orderto estimatecardinality. They differ in thecriteriaandmeth-
ods they usefor partitioning. They also differ in their computa-
tional complexity, spacerequirements,generality, andeaseof use.
Speci�cally, the techniquesshow a trade-off betweensizeandac-
curacy. Basedon therequirementsof adistributedapplication,one
of thesetechniquesmaybechosen.In theOpenSkyQuery, wehave
optedfor classi�cationandregressionbecauseof its low computa-
tional complexity andspacerequirements.

1. Classi�cation and Regression: In classi�cation and regres-
sion,thesystemgroupsquerieswithin atemplateinto classes

andtransformsthedistribution in equation1 to anapproxi-
mate,classdistribution

� C = (p1 ; c1); (p2 ; c2); : : : ; (pn ; cn ) (3)

in which ci = CF (yi ) andCF is a classi�cation function
thattransformsthenumericalcardinalityinto anominalclass
value(Figure3(c)).

Thesystemlearnsthis classdistribution usingdecisiontrees
[25]. Decisiontreesrecursively partitiontheparameterspace
into axisorthogonalpartitionsuntil thereis exactlyonenom-
inal class(or majorityof exactlyoneclass)in eachpartition.
Thepartitioningis basedon informationgainof parameters
soasto minimize thedepthof recursion,i.e., theparameter
attribute with the highestinformationgain is chosenasthe
partitioningattribute.Thesystemusesdecisiontreesasthey
area naturalmechanismfor learninga classdistribution in
theparameterspacein which independenceamongparame-
tervaluescannotbeassumed.

By learningthe � C classesof yields andnot the � D values
of cardinalities,thereis somelossof information. Thesys-
tem regainssomeof this lost informationby constructinga
linear regressionfunction within eachclass. A classspe-
ci�c regressionfunctiongivescardinalityvaluesfor different
queriesthatbelongto thesameclass.

Finally, thesystemusesk-meansclusteringastheclassi�ca-
tion functionCF in whichk is thenumberof classesandis a
dynamically, tunableparameter. Several techniques[12,24]
canbe usedasa wrapperover k-meansto �nd a suitablek
from the lowestandhighestobservedyield value,or it may
bechosenbasedon domainknowledge.

2. Model Trees: Model treesstorea piece-wiselinearapprox-
imation of � D . Like decisiontrees,they usea divide-and-
conquerprincipleto recursively partitiontheparameterspace
into axisorthogonalpartitionsuntil cardinalityvaluescanbe
accuratelypredictedusing a linear regressionmodel. The
partitioningcriteria choosean attribute that maximizesthe
expectederrorreduction,in which thestandarddeviation of
thecardinalityvaluesservesasthe errormeasure.We con-
sider prunedmodel trees,as they provide higher accuracy
over non-prunedtrees,andarealsomuchsimpler. However,
pruning reducesaccuracy as they introducediscontinuities
betweenadjacentlinear modelsat the leavesof the pruned
tree.A smoothingprocess[31] is appliedto compensatefor
thethesesharpdiscontinuitiesandregainsomeaccuracy

3. Locally-weightedRegression: Givena testparametervector,
locally-weightedregressionweighsall thetrainingparameter
vectorsaccordingto a distancemetric to the testparameter
vector. It thenperformsa linear regressionon theweighted
vectors. Training vectorscloseto the test vector receive a
high weight; thosefar away receive a low one. In other
words,the linear regressionmodelis constructedon-the-�y
for theparticulartestvectorathandandis usedto predictthe
instance'sclassvalue.Thedistancefunctionis chosenasthe
inverseof the Euclideandistancefunction. Sinceall train-
ing is doneat predictiontime, i.e., the vectorsarescanned
to computetheweights,locally-weightedregressionis much
slower thanthemodelsdescribedabove.

Re�nement: Oncethe systemhasusedthe estimateand served
thequeryresult,thesizeof theresultis usedasa feedbackto re�ne
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Figure4: Applying the black-box to SDSSqueries

theestimationmodels.Re�nementincludeschangingthepartition-
ing of theinput spaceandupdatingtheregressionfunctionin each
partition. For classi�cation and regression,repartitioningthe in-
put spacemeansrebuilding thedecisiontree. Similarly, for model
trees,themodeltreemustberebuilt. Owing to their compactsize,
rebuilding thelearningmodelsis not expensive andcouldbedone
for every query. Our experimentsshow that it takes lessthan20
secondsover thousandsof queries(Section5). However, we elect
to batchupdates,rebuilding treesaftercollectinga �x ednumberof
queriesin atemplate.Wearecurrentlyexploringmethodsof recur-
sive least-squareserror andincrementalinduction treesto update
the classi�cationandregressionmodelin situ. However, we hold
that incrementalupdateis not a critical featureof learningmodels
for black-boxcardinalityestimation.

Locally-weightedregressionis an incrementaltechnique. Each
new query becomespart of the training vectors. This incremen-
tal advantagecomesat a cost. Regressionfunctionsarebuilt on
demandfor eachquery, makinglocally-weightedregressionmore
expensiveatruntime.In asense,incrementaladvantageis achieved
by deferringthemodelupdate,processingupdatesatquerytimeas
opposedto whenthefeedbackoccurs.

4.2 Learning fr om Queries
Cardinalitydistributionsthatmaybelearnedaccuratelyfrom query
workloadsalonepossesscertainproperties,suchassyntacticallo-
cality anddatalocality. Additionally, learningtechniquesarero-
bust to workloadpropertiesthatarea challengefor traditionalop-
timizers,suchasmulti-dimensionality, multi-way joins, anduser-
de�ned functions. We highlight the propertiesof the OpenSky-

Queryworkloadandhow it interactswith learningtechniques.

High Template Concentration: The black-boxapproachworks
bestwhena smallnumberof templatescharacterizemostqueries.
As it happens,most real-world applicationworkloadsconsistof
queriescreatedthroughpre-designedinterfacessuchasformsand
preparedstatements[4]. Such an interface naturally results in
querieswithin the sametemplatethat vary only in a parameters
(in thepredicateandjoin clauses),operators,andaggregates.This
makestemplatesanalogousto functionprototypes.

The OpenSkyQuery workload exhibits extremely high template
concentration.In a typical month's workload, thereare1.4 mil-
lion queries.The top 77 templatescapture97% of thesequeries.
OpenSkyQuery templatesoriginatefrom static forms aswell as
repeatedlyuseduserprograms.Theseuserprogramsaredynamic
in nature– they aredebuggedandmodi�ed to capturenew science
questions– but templateschangeslowly over time. Nevertheless,
the high concentrationallows the black-boxapproachto provide
high accuracy at low spaceoverhead.

High Parameter Value Concentration: Queriesof a given tem-
platehave parametervaluesthateffectively representa very small
part of the entire attribute domain. They often involve nearest
neighboror region searches,resultingin consecutive querieswith
small parameterdifferences.Thus, thereis high concentrationin
parametervaluesfor a large numberof queriesof a single tem-
plate. This gives the systemsuf�cient samplequeriesto learna
distribution.

High Dimensionality of Queries: Queriesare said to be multi-
dimensionalif they possessmorethanonepredicateclausein the



query, wherepredicateclausescanberangeclausesor user-de�ned
functions. Query dimensionalityalso increasesif queriesallow
speci�cationof user-de�ned functionsin join clauses.High dimen-
sionalityforcestheuseof a multi-regressionmodel[6]. This is the
primary reasonfor our choiceof regressionas the basiclearning
techniquefor estimatingquerycardinalities.

Selectionof Relevant Parameters: While decisiontreelearning
algorithmsare designedto learn which are the most appropriate
parametersto usefor makingclassi�cationdecisions,addingirrel-
evantor distractingparametersto thetrainingsetoften“confuses”
thelearningalgorithm.Thisis especiallytrueof parametersin user-
de�ned functionswhichdonotcontributeto querycardinalityesti-
mation.Wecurrentlyusedomainknowledgeto prunesuchparam-
eters.We areexperimentingwith instance-basedlearningmethods
for relevantparameterselection.Similarly, it is importantthat the
relevant parametersencodethe maximuminformation available,
i.e., includeboth syntacticandsemanticinformation. For exam-
ple, a rangepredicateclauseof form “col BETWEEN constant1
andconstant2”is transformedas(constant1,constant2-constant1).
Thedifferencecapturesthedistancebetweenthetwo constantsand
hasmoresemanticinformationthanotherfeaturevectors,suchas
(constant1,constant2).This is alsotrue for bit operatorswherean
expressionof the form “col bit op consteq op const”, in which
bit op 2 (j; &) andeq op 2 (= ; 6=) , is transformedto an exact
valueof thecolumn“col”.

Learningfrom queriesis not spaceef�cient whenthe underlying
distribution is uniform. In theclassi�cationandregressionmodel,
the decisiontree recursively partitionsfor eachtraining instance
to take up spacein proportionto thenumberof instancesencoun-
tered.(Accuracy is not a concern,asregressionlearnstheuniform
distribution.) It is easyto detectsuchdistributionswhenthereare
primary key attributesin the predicateexpressionandthe system
avoidslearningsuchdistributions.

4.3 An Illustrati veExample
We illustratetheblack-boxapproachusinganexampleAstronomy
templatefrom the SDSSworkload. This exampletemplaterepre-
sentsmosttypical templatesin theSDSSworkload. In particular,
we show (a) how the querycardinality can be estimatedwithout
creating/learningstatisticsateverysub-querylevel, and(b) how the
underlyingdistributioncanbeindirectlylearnedusingonly queries
andtheir result. We compareit with thealternative bottom-upap-
proachcommonlyemployed by queryoptimizers,which useshis-
tograms(single or multi-dimensional)to approximatebasetable
distributions.

Considerthefollowing template

SELECT * FROM
Photo P,
Field F
WHEREP.fid = F.fid and
P.NearObj(@ra,@dec,@radius) and
P.rv 2 + p.cv 2 < = @velocity and
F.u > @in1 and F.g < @in2

The relation Photo storesattributesaboutastronomicalbodies.
Theseattributesareits id (objid ), spatiallocation(ra anddec ),
and velocities(rowv ,colv ). The relationField storesthe at-
tributeswhich measuretheradiationintensity(a u, a g) of a pho-
tometric �eld (fid ). Given a �eld of certainradiationintensity

Numberof queries 1; 403; 833
Numberof querytemplates 77

Percentof queriesin top 15 templates 87%
Network traf®c from all queries 1706 GB

Percenttraf®c from top 35 templates 90.2%

Table1: SDSSAstronomyWorkload Properties

(F.u > @in1 andF.g < @in2), queriesto this templateselect
thoseobjectsfrom photothatarespatiallyclose(within @radius )
of a point (P.NearObj(@ra,@dec,@radius) ) and have a
certainvelocity (P.rv 2 + p.cv 2 < = @velocity ).

To estimatecardinality of queries to the above template, the
bottom-up approachconsidersthe query execution plan (QEP)
shown in Figure4(a). Sub-estimatesareneededat every level of
theplanto correctlycomputethecardinalityof thequeryat thetop
level. The largenumberof thesesub-estimates(in this case5) in-
creaseoptimizationcostsaddingto theoverheadof thebottom-up
approach.Further, sub-estimatesarecalculatedby assumingcon-
ditional independencebetweenattributes.Incorrectpropagationof
thesesub-estimatesup theplanleadto inaccuracies.

Complex queriesmake it dif�cult to translatefrom an underlying
datadistribution to a cardinalityestimate.User-de�ned functions
presentanextremecase,becausethey aretotally opaqueto aquery
optimizer. Figure4(b)shows theunderlyingdatadistributionof at-
tributes@raand@dec. ThequeryusesfunctionNearObj against
thisdistribution,whichcomputesaspatialrangequery. Figure4(c)
annotatesthe datadistribution with rangesevaluatedby the func-
tion. Sucha rangequeryis estimableusingmulti-dimensionalhis-
tograms.However, thefunctionpreventscardinalityestimatesfrom
beingdrawn from ahistogram.It turnswhatis in factarangequery
into a point queryin theparameterspace(Figure4(d)) with cardi-
nality thatis a functionof theinputparameters.

We illustrate the black-boxapproachusing classi�cation and re-
gressionas our learningtechnique. We demonstratehow to es-
timate function NearObj from the point queries. For the sam-
ple query, theactuallearningoccursin a twelve-dimensionalinput
spaceover all operators,constants,andfunction parameters.For
simplicity, we visualizejust the function in its two spatialdimen-
sions.

The high variancein cardinalityfor queriesin this templategives
the black-box approacha cardinality distribution to learn. The
training/feedbackdataconsistsof theobservedcardinalityof com-
pletedqueries.Figure4(e)shows the logarithmof thecardinality
at eachpoint. It learnsby observingthat somequerieshave high
(H) cardinalityvalue (log valuesgreaterthan 3.5) andsomelow
(L) (Figure4(f)). It classi�esthis distributionusingdecisiontrees,
which split on speci�c valuesof the parameters,dividing into re-
gions of purely high cardinality and purely low cardinality. We
show splits into two cardinalityclasses(Figure4(g)). In practice
the techniqueusesbetween4 and8 yield classes,dependingupon
thenaturalclusteringof cardinalityvaluesin theworkload.Figure
4(g) shows aninitial split on thedecparameterandthena split on
the r a parameter. Thedecisiontreeitself canbe usedfor estima-
tion, but we improve uponit by usingregression.In eachdecision
treeleafnode,we look at theoriginalcardinalityvaluesfor queries
and approximatethis distribution throughlinear regression. We
show thispictorially in Figure4(h).



Template Numberof % Domain Dimensionsin Available QuerySemantics
Queries Requested FeatureVector Index

T1 23343 5.1x 10e-7 4 1 Rangequeryonasingletable
T2 103148 4.3x 10e-27 6 0 Functionqueryona singletable
T3 761605 2.9x 10e-18 4 0 Functionqueryona singletable
T4 4142 4.7x 10e-4 3 0 Functionqueryon2 joinedtables
T5 68603 3.5x 10e-14 4 1 Equalityqueryonasingletable
T6 3176 1.3x 10e-22 5 0 Functionqueryon3 joinedtables

Table 2: Six important query templatesin the SDSSworkload

5. EXPERIMENT AL RESULTS
We �rst describethe workloadandquantitatively evaluateit with
respectto the properties(Section4.2) that enableeffective useof
the black-boxapproach.We thenmeasurethe accuracy andef�-
ciency of the black-boxapproachundervariousmachinelearning
techniquesby comparingit with a bottom-upapproach. In par-
ticular, we show that,without constructingsub-estimatesat every
level, theblack-boxapproachaccuratelypredictsthecardinalityof
incoming queriesand constructslearningmodelswith minimum
spaceandtime overhead.We alsoshow the impact that accurate
cardinality estimateson the network performanceof the caching
modulein OpenSkyQuery. This demonstratesthe ef�cacy of the
black-boxapproachin distributedenvironments.All experiments
were performedon a IBM workstationwith 1.3GHzPentiumIII
processorand512MBof memory, runningRedHatLinux 8.0.

5.1 Workload Properties
Wetookamonthlongtraceof queriesagainsttheSloanDigital Sky
Survey (SDSS)database.The SDSSis a major site in the Open
SkyQueryfederation.Our tracehasmorethan1.4 million queries
thatgeneratenearlytwo Terabytesof network traf�c. An analysis
of the tracesreveal that an astonishinglysmall numberof query
templatescapturethe workload(Table1). A total of 77 different
querytemplatesoccurin all 1.4million queries.Further, thetop15
of thesetemplatesaccountfor 87% of thequeries,andthe top 35
accountfor 90%of thetotalnetwork traf�c. Thus,theSDSStraces
exhibit a remarkableamountof templateconcentration.

Individual templatesexhibit thedesirableworkloadpropertiesde-
scribedin Section(4.2). To quantifyworkloadproperties,westudy
the top six templates(in the numberof queries)that accountfor
68.7%of theworkload(Table2). Thenumber of queries shows
the high concentrationof queriesin few templates. The % do-
main requestedindicatesthe fraction of domainvaluesaccessed
by queriesasa percentageof all valuesin the database.The ex-
tremelylow percentagesindicatehigh parametervalueconcentra-
tion. The top templatesalsoshow that thehigh-dimensionalityof
queriescontributesto learning. The dimensionsin feature vec-
tor indicatesthenumberof inputparametersthatarepartitionedby
classi�cation andregression.This correspondsto the featuresof
a templatethatprovide informationandindicatethatmany dimen-
sionmustbeusedto accuratelyestimatethisAstronomyworkload.

This is a representative one month workload from the SDSS
databaseof the OpenSkyQuery. We predict that workloadsfor
otherAstronomydatabasesshow similarproperties.Unfortunately,
otherlarge-scaleworkloadsarenotpublicly available.

5.2 Metrics and Methodology
We show the accuracy and ef�ciency of the black-boxapproach
over theentireworkloadof 1.4 million queries.We thenzoom-in

over the top six templates,which form a large percentageof the
workloadandshow (a) thelearningaccuracy in eachtemplateand
(b) thelow spaceandtimecomplexity of therelevantdatastructures
in eachtemplate.For thesetemplates,we alsoshow the in�uence
of variousparametersin determiningcardinalityof queries.

ComparisonMethods: Wecomparetheaccuracy of theblack-box
approach(BB) with, estimatesfrom a commercialoptimizer(MS
SQL2000)(OPT). Optimizerestimatesin MSSQL2000arestored
on a perattributebasisasa variationof max-diff histograms[21].
Commercialoptimizersdo not storeestimatesof sub-plansgen-
eratedduring optimizations,but usethe base-tablestatisticsand
propagatethem up using the assumptionof conditional indepen-
dence. While it is known that this introduceserror in the opti-
mizer, it wasdif�cult to implementor obtain implementationsof
the latestresearchin thebottom-upapproach,which relaxesthese
assumptions,becausethey aretightly integratedwith source-code
of proprietaryoptimizers[7,30]. In theOPT method,histograms
were constructedonly for the attributesthat were presentin the
query workload, using 5% sampling. The readeris directedto
thedocumentationon MSSQLfor creatingandmaintainingstatis-
tics [21]. For theblack-boxapproach,we usethe threemodelsof
regression:classi�cationandregression(CR), modeltrees(MT ),
andlocally-weightedregression(LWR) to obtainaccuracy andef-
�ciency measures.In addition,for simpletemplates,suchtemplate
T1, with only rangeclausesin its predicateexpressions,we im-
plementself-tuninghistograms[1] (HIST). HIST relaxesthe as-
sumptionof conditionalindependenceandconstructsa histogram
incrementallyfrom queriesandtheir resultsonly. This technique
only works for rangeclausesandnot user-de�ned functionsand,
therefore,wasnot implementedon othertemplates.

Re�nement and Parameters: To comparethe overall accuracy
andef�ciency of the1.4million queryworkload,weuseon-linere-
�nement. In on-linere�nement,aqueryis simultaneouslyissuedto
theBB andtheOPT methodsandtheestimationerror is recorded.
In the BB method,if a templateis found the query is estimated
from theexisting model,and�nally thequeryandits resultupdate
the model. If a templateis not found, the OPT estimateis taken
asthe initial estimate.Sincetherearefew templates,this is done
for few queries.TheOPT estimateis takenasthedefault estimate
that is alwaysavailable in suchdistributedapplications.To show
theaccuracy andef�ciency over thetopsix templates,weswitchto
of�ine/batch re�nement.In of�ine/batch re�nement,we build ana
priori modelusingtrainingqueriesandthenusethemodelto make
predictionsusingtestingqueries.In addition,wekeepthedistribu-
tion of testqueriesthesameasthoseof trainingqueries.Thesize
of thetrainingsetis variedfrom 5%to 50%.
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Figure5: Accuracy resultsfor the SDSSworkload

Figure6: Overall Performance

Measuring Accuracy and Ef�ciency: To measuretheoverall ac-
curacy of ourapproach,we usetheaverageabsoluterelativeerror

�E =
1
N

X

q2 W

j � (q) � �̂ (q) j
� (q)

(4)

in which� (q) and�̂ (q) aretheactualandestimatedyield of aquery
q in theworkloadW , andN is the total numberof queriesin W .
We usethe sameerror measurewhen measuringaccuracy of all
queriesin atemplatein whichcaseN correspondsto thetotalnum-
berof queriesin a template.

TheOpenSkyQuerymediatorrequiresdifferentmetricsto measure
theeffect thataccuracy hason theperformanceof caching.For the
cachingmodule,weusetheabsoluteerroraveragedoverall queries
astheerrormeasure

�E =

P
q2 W j � (q) � �̂ (q) j

P
q2 Q i

� (q)
(5)

in which� (q) and�̂ (q) aretheactualandestimatedyield of aquery
q in agiventemplate.Thisabsoluteerrorcorrespondswell with the
notionof total network traf�c saved,theperformancemeasurefor
thecache.

5.3 Accuracy
The black-boxapproach(with CR as the learning technique)is
about4 times more accuratethan the optimizer when consider-
ing the entireworkload(Figure6). The overall improvementcan
beattributedto improvedestimatesfor user-de�ned functionsand
complex expressions.The black-boxapproachlearnsfrom input
parametersfor which the optimizer is not able to createdistribu-
tionsfrom basestatistics.Wefurtherdivide theworkloadinto sim-

Figure7: In�uence of Parameterson Query Cardinality

ple andcomplex templates.Simpletemplatesconsistprimarily of
querieswith rangeandjoin clauses.Complex templatescomprise
all querieswith user-de�ned functionsand mathematicalexpres-
sionson attributes. The optimizer's poor performancemakes it
unreliableover the complex workload. We believe that optimizer
resultson simple workload will improve with a higher sampling
rate.

Individual templateshavedifferentquerysemanticsandaccesspat-
terns. We comparelearningin the black-boxapproachusing the
variouslearningtechniquesandtheoptimizer. In theblack-boxap-
proach,the amountof training datavaries(asshown on X-axis).
Wereporttheaccuracy overall methodsfor thetrainingset.Figure
5(a) shows learningover TemplateT1, which is a 2-dimensional
rangequerytemplate.Optimizersarebettersuitedsuitedto learn
from simplequeriesasin TemplateT1. However, therangeclauses
areontwo, highly-correlatedspatialcoordinates,r a anddec. OPT
errswhile propagatingthebasestatisticsup theplan,leadingto in-
accuracies.All of thelearningtechniquesareableto estimatefairly
accuratelywith modeltreesbeingthemostaccurate.

Theblack-boxapproachprovidesthemostimprovementwhenop-
eratingoverquerieswith acombinationof simplerangeclausesand
user-de�ned functions. For suchqueries,the optimizerestimates
cardinality as 1. While this heuristicprovides a reasonableesti-
mateoverquerieswith very low cardinality, SDSSfunctionqueries
fetch large datasets,leadingto large errors. We show the effect
of variouslearningtechniquesin Figure5(b) andusingTemplate
T3, which hasthe largestnumberof queries.Queriesin template
T3 areproximity queries,whichusea user-de�ned functionto �nd
nearbyobjectin a rectangularregion. Model treespresentthebest
learningmethodfor sucha template.Locally weightedregression,
whichperformspoorlyonothertemplates,estimatesreasonablyon



Figure8: SpacePerformance

this template.

Scienti�c queriesoftenusemathematicalandbit operatorsandare
quitecommonin theSDSSworkload.Figure5(c)considerssucha
queryin templateT4. Speci�cally, thepredicatesin thequeryadd
two attributesandcomparetheresultwith aconstant.However, the
optimizerchoseto usetheprimaryindex andperforma tablescan,
therebyoverestimatingthecardinalityof eachquery.

Figure5(d)shows thecomparisonof modeltreesandclassi�cation
andregressionwith a self-learninghistogramtechnique[1] using
templateT1. This techniquelearnsa multi-dimensionalhistogram
from queriesandtheresultsapplyto simplerangeclausesonly. We
do not restructurethe histogramsasproposed,but re�ne themin-
crementallyusingqueriesandtheir results.Their techniquelearns
effectively over queries(providing only 20%errorover 30%train-
ing data)andcanbeappliedfor suchtemplates.Theclassi�cation
andregressionapproachis slightly lessaccurateowing to theyield
classi�cationstep. Model treesaremostaccurate,but the sizeof
thetreeis slightly morethanthetotal histogramsize.

Figure7 shows thein�uence of variousparametersover thecardi-
nality of eachquery. While the actualnumberof parametersare
high in eachtemplate,the learningtechniquespruneaway theun-
necessaryparameters,therebyreducingthe dimensionalityof the
learningspace.This resultsin succinctdatastructures,aswe will
show subsequently.

5.4 SpaceUtilization and Running Time
The learningtechniqueshave different spacerequirements.The
spacerequirementof classi�cationandregression(CR) is thesize
of theconstructeddecisiontree. Regressionfunctionshave negli-
giblespacerequirement.Similarly, for modeltrees,it is thesizeof
themodeltree. In locally-weightedregressionthereis no a priori
learnedmodelconstructedfrom thetrainingset,but a new regres-
sionmodelis constructedfor eachtestinstance.Therefore,we do
not calculatespacerequirementfor LWR. For OPT, thespacere-
quirementis thesizeof thehistogramscalculated,asdescribedin
theMSSQL2000documentation[21]. Theoverall spacerequire-
ment wascalculatedby summingthe sizeof constructedmodels
over all queriesat the endof the workload. For individual tem-
plates,sizewascalculatedover the minimum numberof queries
requiredastrainingdataafterwhich thelearnedmodelwasconsid-
eredstable.

Figure9: Time Performance

Figure8 shows the spacerequirementof the black-boxapproach
usingdifferentlearningtechniquesandthe optimizerover theen-
tire workload. It alsoshows the individual spacerequirementsof
eachtemplate. The estimationmodeldatastructuresusedin the
black-boxapproachareveryspaceef�cient. Overall,classi�cation
andregressionhasthesmallestspacerequirement,with thesizeof
decisiontreevaryingfrom tensor hundredsof kilobytes.Thesuc-
cinct decisiontreescreatedin classi�cationandregressionmake it
a viablechoicefor applicationswherespaceis at a premium,such
asOpenSkyQuery. The largesttreeoverall was that of template
T3. Whenconstructedwith all 750,000queriesin the template,it
requiredonly 286KB. Evenfor TemplateT5, which is a template
on an equalitypredicatefor a primary key, the spacerequirement
is extremely low, becausethereis very little information to clas-
sify. Model treesusenearlydoublethespaceof classi�cationand
regression.In modeltrees,thespacerequirementfor theworkload
not in thetopsix templatescompareswith thespacerequirementof
decisiontreesin classi�cationandregressionapproach.Sincethis
amountstoone-thirdof theworkload,theoverallspacerequirement
is lessthandoublethespacerequirement.However, for theimpor-
tant templatesthespacerequirementis almostdoubled.Theopti-
mizerspacerequirementfor theoverall theworkloadis comparable
to thespacerequirementof MT technique.Theoptimizerspacere-
quirementis calculatedfrom theone-dimensionalhistogramscon-
structedover individualattributespresentin theworkload.Because
thereis highsyntacticlocality in theworkload,i.e., heavy attribute
reuse,theoptimizeris alsospaceef�cient. However, theCR tech-
niquecompeteswith theoptimizerandprovidesmoreaccuratees-
timates. If the optimizerwereto be moreaccurate,it would need
multi-dimensionalhistograms,which addsigni�cantly to its space
requirements.Additionally, the total spacerequirementof theop-
timizer over all attributes,not just over theattributesin thecurrent
workload,was2612KB.

Figure8 reportstheoptimizerspacerequirementfor eachindivid-
ual template. The optimizer requiresthe leastspacein Template
T1, which is a two-dimensionalrangequery template. However,
our learningapproach,becauseof high “locality” in queryaccess
patterns,learnsthedistribution using200queriesand,thus,occu-
piescomparablespace.

Estimationruntimeperformancefollowsthatof spaceperformance,
becausesmall datastructuresmay beaccessedquickly. The clas-
si�cation andregressiontechniquein the black-boxapproachex-
hibits good runtime performance(Figure 9) and model treesare
comparableto theoptimizer. Locally-weightedregressionis anex-



ception.It takesmuchlongerasthepredictionmodelis rebuilt for
eachtest instanceat runtime. We show time resultsfor only the
importanttemplates.Decisiontreespresentthemostcomputation-
ally ef�cient learningdatastructures,taking only O(mn(logn))
constructiontime in which m is the numberof parametersandn
are the training examples. The time taken to constructthe linear
regressionfunction is negligible. For templateT5, which took the
longestto learnandstabilize,thedecisiontreewasconstructedin
15.5 seconds.The optimizer time costsare calculatedbasedon
the time it takes to optimizea queryandestimateits cardinality.
The optimizer resultsare a clear re�ection of the core thesisof
thispaperthatfor many applications,expensive optimizationis not
neededfor cardinalityestimatesandablack-boxlearningapproach
suf�ces. In addition, the total time requirementof the optimizer
over all querieswascloseto onehour.

5.5 Impact on OpenSkyQuery
Our �nal goal is to show that distributedapplicationsbene�t sig-
ni�cantly from usinga black-boxapproach.We revert to thecase
of OpenSkyQueryandconsidertheeffect on its cachingfunction.
The performanceof the cachingmoduleis measuredin termsof
total network traf�c saved. In onevariantof this experiment,the
cachingmoduleusesexactcardinalityvaluesto make cachingde-
cisions. We call this this the prescientestimator. The prescient
estimatorgivesan upper-boundon how well a cachingalgorithm
could possiblyperform. We comparethis with the OPT method
andtheCR learningtechnique.BecausetheCR learningtechnique
usesthe leastamountof space,it is naturally suitedto caching.
As a cardinalityestimatorfor OpenSkyQuerycaching,theblack-
box approachoutperformstheoptimizerandapproachesthe ideal
performanceof the prescientestimator. The total amountof data
sentacrossthe network to serve the entire1706GB of the SDSS
workload.Wereportthenetwork savingsover theentireworkload,
andcompareit with theidealperformanceof theprescientestima-
tor. Basedon theestimates,CR saves532.15GB whencompared
with 307.22GB for the optimizer. CR alsocompareswell with
theprescientestimator, reducingnetwork savingsby only 5%from
558.49GB to 532.15GB. Cachingresultsalsoshow thesensitivity
of cachingin OpenSkyQueryto accurateyield estimates.Nearly
all of thebene�t of cachingmaybelost. TheOptimizerloses45%
of network savings.

6. CONCLUSIONS
The black-boxapproachoffers an alternative to estimatingquery
cardinalitiesthatis compact,ef�cient, andaccurate.It doesnot re-
quireknowledgeof thedistributionof dataandavoidsinaccuracies
from modelingassumptions,suchastheconditionalindependence
of attributes. In contrast,databasequeryoptimizersusea bottom-
upmethodto composequerycardinalityestimates,propagatinges-
timatesupaqueryexecutionplanbasedonestimatesof datadistri-
butions. This makessensefor database,becausethey alsoneedto
know cardinalitiesfor eachsub-queryin orderto choosebetween
variousquery plans,and becausethey have accessto the under-
lying data.Severalemerging applications,suchasproxy-caching,
data-centricgrids,andfederatedqueryprocessing,needto estimate
querycardinalities,but haveneitheraccessto datadistributionsnor
do they requiresub-querycardinalities.Hence,theblack-boxap-
proachsuits themwell. In this paper, we demonstratethis using
the OpenSkyQueryasa casestudy. We studythe cardinalityes-
timation requirementsof the OpenSkyQuery, describethe black-
box approachasappliedto it, andpresentexperimentalresultsthat

show dramaticincreasesin theperformanceof cachingin thefed-
eration.
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